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Eye-blinkThis study investigates two questions: ﬁrst, how individuals with high-intelligence allocate cognitive resources
while solving linguistic, mathematical and visuo-spatial tasks with varying degree of difﬁculty as compared to
individuals with low intelligence? Second, how to distinguish between high and low intelligent individuals by
analyzing pupil dilation and eye blink together? We measured the response time, error rates along with pupil
dilation and eye blink rate that indicate resource allocation. We divided the whole processing into three stages
namely: pre-stimuli (5 s prior to stimuli onset), during stimuli and post stimuli (until 5 s after the response)
for better assessment of preparation and resource allocation strategies. Individualswith high intelligence showed
greater task evoked pupil dilation, decreased eye blink with less response time and error rates during-stimuli
stage (processing) of tough linguistic and visuo-spatial tasks but not duringmathematical tasks. The ﬁnding sug-
gests that individuals with high intelligence allocate more resources if the task demands are high else they allo-
cate less resources. Greater pre-stimuli pupil dilation and increased eye blink of high intelligent individuals in all
tasks indicated their attentiveness and preparedness. The result of our study shows that individualswith high in-
telligence are more attentive and ﬂexible in terms of altering the resource allocation strategy according to task
demand. Eye-blinks along with pupil dilation and other behavioral parameters can be reliably used to assess
the intelligence of an individual and the analysis of pupil dilation and blink rate at pre-stimuli stage can be crucial
in distinguishing individuals with varying intelligence.
© 2015 The Authors. Published by Elsevier B.V. This is an open access article under the CC BY-NC-ND license
(http://creativecommons.org/licenses/by-nc-nd/4.0/).1. Introduction
Every cognitive activity requires consumption of resources (Just
et al., 2003). Resources are deﬁned as the amount of activation available
for information storage and processing in the underlying cortical neural
system (Just and Carpenter, 1992; Kahneman, 1973). This pool of
activation is assumed to be limited and depends on neurotransmitter
functioning, metabolic system supporting the neural system and the
structural connectivity of the neural system (Just et al., 2003). Variation
within the availability or its allocation mechanism is considered
to be the primary basis for the individual differences in intelligence.
In educational psychology, ﬁnding methods to determine this
difference and its effect on intelligence of an individual is a major
research topic. Therefore, to understand the nature of intelligence,
it is important to determine how individuals with high intelligencemitashojha@gmail.com
.com (M. Lee).
. This is an open access article underand low intelligence allocate their limited resources while solving
different types of problems.
Several methods have been used to measure the resource allocation
(Just et al., 2003). However, the most common is assessment of
variation in pupil dilation and eye-blink rate. An increase in pupil
size has been shown to indicate the amount of resource allocation
and time course of cognitive processing (Granholm et al., 1996;
Hahnemann and Beatty, 1967), eye-blinks, on the other hand, too do
not occur randomly. They indicate the preparation and release of
resources of the same underlying cognitive processing (Fukuda, 2014;
Fukuda et al., 2005; Ohira et al., 1998; Siegle et al., 2008; Sirevaag
et al., 1999).
With this background, the goal of this study is twofold: ﬁrst,
we want to explore how individuals with high intelligence (compared
to individuals with low intelligence) allocate their cognitive resources
if presented with tasks with different processing demands and
difﬁculties? In other words, do intelligent individuals follow any
strict strategy in relation to resource allocation or modulate it
depending on task demands? Second, we want to explore how it is
possible to distinguish between ‘high’ and ‘low’ intelligent individuals
by analyzing their pupil dilation and eye-blink together. We assumethe CC BY-NC-ND license (http://creativecommons.org/licenses/by-nc-nd/4.0/).
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individual, which would be useful in designing customized instruction
material for better learning.
1.1. Resource vs. neural efﬁciency hypothesis
Different competing hypotheses (e.g. resource hypothesis, effort
õhypothesis, neural efﬁciency hypothesis) have been proposed regard-
ing the resource allocation mechanism of intelligent individuals. In par-
ticular, two of them namely: neural efﬁciency hypothesis and resource
hypothesis have got considerable attention in the last few years as
several behavioral and brain-imaging studies have supported them
independently (Haier et al., 1992; Neubauer and Fink, 2009; Neubauer
et al., 2002; Van Der Meer et al., 2010). According to neural efﬁciency
hypothesis it is assumed that individuals with high intelligence allocate
their resources efﬁciently during higher task demands (Ahern and
Beatty, 1979). On the contrary, resource hypothesis argues that individ-
uals with high-intelligence have extra resources available to allocate
for a task (Haier et al., 1992; Van Der Meer et al., 2010).
1.2. Modulation of resource allocation strategy
While it can be assumed that high intelligent individuals have a strict
strategy (either they allocate more resources or fewer resources),
studies have also indicated that resource allocation strategies can be
modulated. This modulation may depend on the ‘type’ and ‘difﬁculty’
of the task. For instance, Van Der Meer and colleagues (2010) in a
pupillometry study showed that individuals with high ﬂuid intelligence
allocate more resources only in complex geometrical analogy tasks.
For less complex tasks (choice reaction time task), they allocate fewer
resources. Although, these researchers argued in favor of resource
hypothesis, their study also showed that high intelligent individuals
could modulate their resource allocation strategy depending on task
difﬁculty whereas low intelligent individuals could not.
Along with difﬁculty, the type of the task has also been assumed to
inﬂuence the resource allocation patterns of intelligent individuals
(Van Der Meer et al., 2010). However, onemajor problem in this regard
is that the same participants have never been tested on tasks with
different types (nature) successively. Their processing mechanism has
been studied on different tasks independently. Several studies including
brain-imaging techniques have been conducted to understand the
resource allocation patterns of proﬁcient vs. novice intelligent in
independent tasks such as linguistics (Reiterer et al., 2005), spatial
(Vitouch et al., 1997) and musical (Petsche, 1996). Processing mecha-
nism of proﬁcient (high intelligent) individuals has been analyzed
only in particular tasks in relation to individuals who were not
proﬁcient. These studies, since done independently, provide the differ-
ence in processing mechanism of proﬁcient and novice individuals in a
particular task, obviously does not provide a broader and general pic-
ture of processing and modulation of resource allocation mechanism
of intelligent individuals. It must be noted that different tasks may
have different processing demands, which might affect the processing
strategy of individuals. It is also possible that difference in patterns of
individuals with high intelligence found in various studies could be
attributed to different task demands. Therefore, it is not clear how
individuals with high intelligence approach demands of different task
types (e.g. language, mathematic, visuo-spatial) if presented successively.
1.3. Fluid vs. crystallized intelligence
Another problem with intelligence research is that different studies
have used different methods to determine the intelligence of individ-
uals. For instance, Ahern and Beatty (1979) in their study, which sup-
ported the efﬁciency hypothesis, used SAT (Scholastic Aptitude Test)
scores to determine the intelligence of their participants and asked
them to performmental calculation task. Mental calculations are highlyoverlearned and require crystallized intelligence (an ability to apply
already learnt skills). SAT scores measure the crystallized intelligence.
So evidently, individuals with high scores performed better while
allocating fewer resources. In the study participants were not tested
on other tasks that required different set of skills such as visuo-spatial
tasks. Similarly, Van Der Meer and his colleagues (2010) divided their
participants on the basis of RAPM (Raven's Advanced Progressive
Matrices) scores and asked them to perform geometrical analogy task.
Geometrical analogy tasks require the ability to associate new things
and cannot be solved in an automated way. RAPM measures the ﬂuid
intelligence (an ability to create novel associations), which is required
for such creative tasks. So those who scored high on RAPM scores
performed better and could allocate more resources. They too did not
test their participants in other tasks, which required different set of
skills such as mathematical tasks. Other studies that explored the
proﬁciency of individuals used tests that were suited for a particular
task type such as language proﬁciency test and general IQ test
(Reiterer et al., 2005; Vitouch et al., 1997).
1.4. Comprehensive testing
In order to get a broader picture of resource allocation pattern/
strategy of high-intelligent individuals and to understand the task-
type and difﬁculty dependent modulation (if any), it is important
to test the same individual in different types of tasks successively.
Moreover, assessment of their intelligence should also be done through
a test, whichmeasures both components of their intelligence (ﬂuid and
crystallized). As far as we know, no intelligence study has conducted
such a comprehensive test on intelligent individuals. Some studies
have included more than one task (Vitouch et al., 1997) but the task
demand did not differ much in those studies. As a result, it is still not
clear if individuals with high-intelligence follow the same pattern of
resource allocation or change it according to the type and difﬁculty of
the task.
Therefore, in this study, we want to test individuals with high-
intelligence and low-intelligence in different types and difﬁculties
of tasks successively. To be speciﬁc: in linguistic, mathematical and
visuo-spatial tasks. We assume that these tasks are different in nature
and their processing requires different cognitive mechanisms (Roser
et al., 2011; Vigneau et al., 2006).
1.5. Measures of processing mechanism: pupil dilation and eye blink
In order to determine the resource allocation mechanism, it is
equally important to decide themethod of measurement. In this regard,
differentmeasures of activity as indices of resource allocation have been
veriﬁed (Just et al., 2003). However, the most common is the assess-
ment of pupil-dilation and eye-blink rate. Studies have shown that
assessment of pupil and eye-blink provides complimentary indices of
information processing. In general, pupil dilates when the processing
demand is higher. Pupil dilation also indicates sustained information
processing. For example, as individuals are asked to remember larger
number of digits, pupil dilation increases proportionally (Beatty and
Kahneman, 1966; Granholm et al., 1996). Pupil dilation also reﬂects
resource allocation (Beatty, 1982), interpretation of complex material
(Beatty, 1982), deception (Wang et al., 2010) and affective processing
(Partala and Surakka, 2004).
While pupil dilation indicates sustained information processing,
eye-blinks too do not occur randomly and indicate cognitive processing
(Stern et al., 1984) as well as mild cognitive impairment (Ladas et al.,
2013). Till recently, pupillary analysis used to treat eye-blinks as
missing data and used to ﬁll in estimates of pupil diameter during
eye-blinks with an approximation. However, some independent studies
indicate that eye-blink bursts follow high cognitive load (Fukuda, 2001;
Ichikawa and Ohira, 2004) or information processing (Ichikawa and
Ohira, 2004). This suggests that eye blinks reﬂect the release of
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potentially reﬂect preparation and very short blinks are associated
with errors on cognitive tasks, consistent with adequate preparation
(Sirevaag et al., 1999). Pupil and blink data have been shown to explain
independent variance in cognitive processing over 10 second intervals
(Van Orden et al., 2001). However, pupillary and blink information do
correlate. They are not completely independent. It has been shown
that pupil dilation often follows blinks on a cognitive task (Fukuda
et al., 2005), which suggests that blinks reﬂect initial stimulus process-
ing or preparation for engagement of cognitive resources. And as the
complexity of task increases, pupil dilation increases but eye blink rate
decreases (Siegle et al., 2008). Blink also indicates concealment of
crime related memories (Peth et al., 2013) and in deception (Fukuda,
2001). Some studies have also suggested that eye blinks are controlled
by the central nervous system and tend to inhibit it during sustained
cognitive load and attention demand (Irwin and Thomas, 2010). Some
more studies have shown that blinking is avoided tomaximize stimulus
perception during high attention tasks and blink occurrence is reduced
with increasing information content and task demands (Irwin and
Thomas, 2010).
1.6. Pupil and eye-blink to distinguish between high and low intelligence
Despite the fact that both pupil dilation and eye blink provide the
time course of the same underlying cognitive processing (Siegle et al.,
2008), only the assessment of pupil dilation has been used to distin-
guish between the individuals of varying intelligence; eye blink has
never been used. It is not clear, what is the eye-blink pattern of high
intelligent individuals when they solve different types of problems
with different levels of difﬁculty? Moreover, is it possible to use
eye-blink pattern as a reliable measure along with pupil dilation and
other behavioral parameters such as response time and error rates to
determine the resource allocation mechanism of intelligent individuals
and contribute to settle the debate on their nature of processing. Thus,
the second aim of our study is to investigate if eye-blink and pupil
dilation together can be used as a reliable measure to distinguish
between high and low intelligent individuals.
2. Experimental setup
We intended to investigate how individuals with ‘high’ and ‘low’
intelligence allocate cognitive resources in different types of tasks
with varying degree of difﬁculty. For this linguistic, mathematical and
visuo spatial tasks were chosen. These tasks are assumed to be different
in nature as they are processed differently in the brain (Roser et al.,
2011; Vigneau et al., 2006). Moreover, to determine the intelligence
of an individual, we chose standard Korean intelligence test. This test
measures both components of intelligence (crystallized intelligence
and ﬂuid intelligence) in an individual. We also divided problems into
tough and easy based on the approved ratings of the test. To measureFig. 1. Division of processing perithe resource allocation, variation in pupil size, eye-blink rate, response
time and error rate were analyzed.
2.1. Division of processing period
The standard methodology in a pupillometry study is to analyze the
data during the processing of stimulus (after the onset of stimulus).
Pre-stimulus data is considered to be affected with expectation of task
demand (Van Der Meer et al., 2010). However, in our study for better
assessment of expectation effect, we divided the whole processing
period into three stages: (1) pre-stimulus, (2) during-stimulus and
(3) post-stimulus as shown in Fig. 1. We assumed that an analysis
of pupil size and blink rate during pre-stimulus stage would indicate
the pattern of preparation and attention (Sirevaag et al., 1999), post-
stimulus would indicate release of cognitive resources (Ohira et al.,
1998) and during-stimulus would indicate time course of processing
(Granholm et al., 1996).
Predictions for our study were based on the study of Van Der Meer
et al. (2010). If individuals with high intelligence use fewer resources
for high task demand, (efﬁciency hypothesis) then our results should
indicate a smaller task evoked pupil dilation, decreased eye blink rate,
lesser or same response time and lesser or same error rates for all
tough and easy linguistic, mathematical and visuo-spatial tasks in
‘during-stimulus’ stage. Similarly, if individuals with high intelligence
allocate extra resources (resource hypothesis) then our results must
indicate greater pupil dilation and decreased eye blink rate for high
intelligent individuals only in tough tasks as compared to low intelligent
individuals (in during-stimulus stage). However, we also expected a
mixed result that would satisfy both hypotheses. Therefore, we alterna-
tively hypothesized that individuals with high-intelligence process
information differently and modulate the allocation of resources as
per the task demand (type and difﬁculty). If our hypothesis is true
then we expected pupil and blink rate change according to the type
and difﬁculty of the task. To be precise, our results should indicate
higher pupil dilation, decreased eye blink rate, lesser or same response
time and lesser or same error rates in tough linguistic and visuo-
spatial tasks but not in mathematical tasks. Moreover, the same pattern
should be observed for easy tasks irrespective of the type of the task.
The assumption here is that easy tasks of language (word association,
meaning, etc.) and visuo-spatial along with both tasks of mathematics
do not require allocation of extra resources and are processed in an
automated way whereas tougher language (use of idioms, reference to
the context, etc.) and visuo-spatial tasks would require additional
resource allocation as they present novel situations to participants.
Regarding pre-stimulus stage we predicted greater pupil dilation,
increased eye blink rate for high-intelligent individuals in all tasks
indicating attentiveness and preparedness (Sirevaag et al., 1999). For
post-stimulus stage we further predicted normal pupil dilation and
increased blink rate in tasks with high demand. This would indicate
release of resources (Ohira et al., 1998). In other words, we expected aod for assessing preparation.
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pre-stimulus stage and slightly lower correlation in post-stimulus
stage for high-intelligent individuals. However, in during-stimulus
stage we expected to see a negative correlation between pupil dilation
and eye blink rate for high intelligent individuals and positive or no
correlation for low intelligent individuals.
3. Methods
3.1. Participants
Thirty high school students (14 females and 16males), with a mean
age of 17 years (SD= 0) from a high school in Taegu city, South Korea,
participated in the study. Their participationwas voluntary. All students
were right-handed as assessed using the Edinburgh Handedness
Inventory (Oldﬁeld, 1971), had normal or corrected-to-normal vision
and had no reported history of neurological or psychiatric diseases.
Their socio-economic backgrounds were controlled. It was also
conﬁrmed that participants were not taking any medications. Data
of 7 participants (2 females and 5 males) could not be analyzed
because of missing and/or noisy data.
3.2. Pre-test
Prior to the actual experiment, all the participants went through
a pre-test to determine their level of intelligence. We chose the
standard Korean intelligence test2, which measures both components
of intelligence (crystallized and ﬂuid). The test included 238 questions.
Participants were given scores for each correct answer. Participants
who scored more than 120 were categorized as individuals with
high-intelligence and we called them High Intelligent Individuals
(HIs) (Language: 4 males, 7 females, Spatial: 6 males, 5 females and
Mathematics: 8 males, 8 females). Those who scored less than 100
were categorized as individuals with less-intelligence and we called
them Low Intelligent Individuals (LIs) (Language: 7 males, 6 females,
Spatial: 5 males, 7 females and Mathematics: 3 males, 4 females).
The pretest was conducted in Korean language and instructions were
also given in Korean.
3.3. Stimulus material
The stimulus material for actual experiment included 30 problems
(10 from each tasks) from three different types of tasks namely
(1) linguistic, (2) mathematical and (3) visuo-spatial. These problems
were taken from the problem set of Seoul Education Center, SSAT
(Samsung Aptitude Test) and GEFT (Group Embedded Figures Test).
All the problems were divided into two categories. 15 problems
(5 from each task) were graded as tough while 15 problems (5 from
each task) were graded as easy stimuli by a group of 7 post graduate
scorers. The medium of instruction as well as presentation of problems
was in Korean language. The linguistic tasks included problems related
to comprehension, word matching, grammar and use of learnt idioms.
Themathematical problems included calculation tasks such as addition,
multiplication, and division. The visuo-spatial problems included rota-
tion task, puzzle task, andﬁnding shape in a complexﬁgure task. Stimuli
were presented in white foreground and black background (Fig. 2).
3.4. Pupil and eye-blink baseline task
The baseline task was a calibration procedure prior to any task
instructions to obtain baseline pupil size and blink rate of participants.
An independent baseline task was conducted because the data for2 An aptitude test for high school students, developed by Korea Employment Informa-
tion Service (KEIS) in 2003. The total time is 80 mins (limited time). The goal is to recom-
mend their job or study ﬁeld based on their intelligence and aptitude.a rest period between tasks were used for analyzing attention and
expectation effect in pre- and during stimulus stages. The baseline
data were also used to remove the effect of stimulus related intensity
(luminance), gaze angle and adaptation time response of pupillary
light reﬂex to variations in intensity (Jang et al., 2012, 2014).
Participants were asked to ﬁxate on a plus (+) sign, presented 5 times
for 10 s. The duration between ﬁxations was 10 s. The individual
average pupil diameter and blink rate of 10 s of ﬁxation was taken as
pupil and eye blink baseline not inﬂuenced by any instructional and
expectation effects. The baseline task was conducted before the
presentation of each block.
3.5. Procedure, data acquisition and task
Participants were called and seated in a comfortable chair in a
dimly lit (luminance 180 ± 20 lux) and sound attenuated chamber.
An eye-tracker (Tobii 1750) was used to record the pupil variation
and a web camera was used to record eye blink while participants
solved the problems. Stimuli were presented on a 21-inch screen
monitor (1280 × 1024). The distance between participants and the
screen was around 60–80 cm. At the beginning of the experiment,
participants ﬁlled out a questionnaire that ascertained demographic
data as well as factors that are known to affect pupil dilation
(e.g., psychiatric and neurological dysfunction, drug consumption,
medication). Then they were calibrated to Tobii eye tracker and
their baseline data was collected before the presentation of each
block. For the actual experiment, 30 questions were presented in
5 blocks as shown in Fig. 3. Each block included 6 questions (2 each
difﬁculty) from three types (language, mathematics and visuo-spatial)
and there was a gap of 10 s between two consecutive stimuli. The stim-
uli in each blockwere presented randomly but were same for all partic-
ipants. The order of the block was pre-decided. Stimuli in blocks were
presented to reduce the participants' fatigue and order effect.
Participants were instructed to solve the given problem and press
the space bar to go to the next problem after reporting the answer to
the experimenter. If they could not solve the problem within a limited
time (180 s) then theywere presentedwith the next stimulus automat-
ically. They were also instructed to give a rating on a scale of 1–3 for
perceived difﬁculty (1 being easy and 3 being tough), which served as
the additional basis for determining the perceived difﬁculty of the
stimuli. The total experiment time varied for participants but overall
experiment took around 20–25 min.
3.6. Apparatus
Stimuli were presented using the Tobii studio software running on a
MicrosoftWindows 7 operating system. The computer used for present-
ing the stimuli was connected to eye tracker and a webcam. Pupillary
response was recorded using Tobii eye tracker while eye blink was
recorded using a web cam. The same Tobii studio software measured
the response time by using keyboard event. ANVIL3 software was used
to obtain eye blink from the video. ANVIL is free software to annotate
data in videos.
3.7. Data organization and analysis
Behavioral data (response times and error rates) were analyzed
using the statistical package for the Social Sciences (SPSS). Data of
7 participants were not included in the ﬁnal analysis. Pupillary
response was analyzed using Matlab 7.1 and SPSS. Prior to statistical
analysis, data were cleaned using standard procedures (Beatty and
Lucero-Wagoner, 2000; Verney et al., 2004). Artifacts due to excessive
blinking were removed. Very small blinks were replaced by linear3 http://www.anvil-software.org/.
Fig. 2. An example of (a) linguistic, (b) mathematical and (c) visuo-spatial stimuli. Original stimuli were presented in black background and white foreground with instructions
in Korean language.
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in the pupil data from Tobii eye tracker. The missing data for more than
3 s were not used for analysis. Moreover, pupil size can also be affected
by external factors like luminance of stimulus, and gaze
angles. Therefore, to process the data we adopted the followingmethod
(Jang et al., 2012, 2014).
First, to remove the wrongly recorded data from Tobii eye tracker,
we removed pupil data with a big difference (=1 mm) between the
left and right pupil sizes. The pupil size range is about 3 to 6 mm
according to intensity level. Therefore, we removed the pupil data
beyond the range of 2 to 8 mm.
Second, to remove the effect of luminance on pupil size variation,
we applied Eqs. (1) to (3). Here x is the intensity level of stimulus.
Left pupil : y ¼ x
2
100
− 17x
10000
þ 3:3 ð1Þ
Right pupil : y ¼ x
2
100
− 19x
1000
þ 3:4 ð2Þ
pupil data
y
 100 ð3Þ
Third, average of the left and right pupil sizes was calculated and a
5-point moving average ﬁlter was applied to remove noise.
To represent the change in pupil size, we removed the baseline pupil
size from the experimental pupil data. It must be noted that pupil size
varies for individuals. Therefore, to compensate individual characteris-
tics, pupil size variation of baseline task is used. The experimental
pupil data are calculated using Eq. (4). Assuming the baseline to be
100% we represented the change in pupil dilation in percentage. Eye
blink data were represented as the raw blink rate per second.
experimental data
baseline
−1
 
 100 ð4ÞFig. 3. Procedure oMoreover, the pupil and eye-blink datawas divided into three stages
for each trial. Five seconds before the stimulus onset was considered
pre-stimulus (expectation) period. We assumed that during this period,
rapid eye blink and larger pupil dilation could indicate the preparation
of cognitive resource allocation (Siegle et al., 2008). Several other
studies (for example, Van Der Meer et al., 2010) have not used this
method precisely to remove the expectation and instructional effect.
However, in our study, we wanted to measure the effect of task
expectation and preparation. The second stage was during-stimulus
(processing) period. This duration was different for participants
as they took different times to respond. To analyze this period we
calculated the average pupil variation and blink rate for the entire
response period. Instead of analyzing pupil and blink-rate for average
response time, we calculated eye data for entire response period for
each participant. Finally the third stage was post-stimulus (end) period
(up to 5 s after the response). We assumed that this period indicates
the end of cognitive processing in the form of blink burst (Fukuda,
1994; Ichikawa and Ohira, 2004). Furthermore, 5 s time was decided
considering longer task time and adaptation period of pupil size after
cognitive tasks. Our previous work (Jang et al., 2012) suggests that
adaptation of pupil after any cognitive task takes around 3.72 s.4. Results
4.1. Behavioral results
In tough linguistic tasks, HIs were slightly faster (mean response
time (RT) = 44.46 s) and more accurate (mean error rate (ER) =
4.3%) than LIs (RT = 54.85 s; ER = 11.8%). A 2 (group: HIs vs. LIs) × 2
(difﬁculty: tough, easy) repeated measures ANOVA on RTs and ERs
was performed. The RTs analysis revealed statistically signiﬁcant main
effect of the stimuli difﬁculty (F(1,34) = 44.81, p b .05, η2 = .26) and
group (F(1,34) = 5.17, p b .05, η2 = .34). In mathematical tasks,
there was no signiﬁcant difference in RTs and ERs between thef experiments.
Table 1
Response times and error rates.
Task Tough task Easy task
HIsa LIsb HIs LIs
Linguistic RTc (s) 44.4⁎⁎ 54.8⁎⁎ 20.3⁎⁎ 21.9⁎⁎
ERd (%) 4.3⁎ 11.8⁎ 3.5⁎ 13.8⁎
Mathematics RT (s) 47.5⁎ 51.0⁎ 17.7⁎ 26.9⁎
ER (%) 7.2 9.4 5.2 6.5
Visuo-spatial RT (s) 43.9⁎⁎ 72.8⁎⁎ 19.9⁎⁎ 19.0⁎⁎
ER (%) 5.8⁎ 12.6⁎ 8.3 12.3
a HIs = High Intelligent Individuals.
b LIs = Low Intelligent Individuals.
c RT = Response time.
d ER = Error rate.
⁎ p b .05.
⁎⁎ p b .01.
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effect of group (F(1,34) = 24.81, p b .05, η2 = .52). HIs were faster
(RT = 17.68 s) than LIs (RT = 26.92 s). In visuo-spatial tasks, HIs
(RT = 43.9 s; ER = 5.8%) outperformed LIs (RT = 72.82 s; ER =
12.6%) in tough tasks. They solved problems faster with less error rate.
There was no signiﬁcant difference in easy tasks. The RTs analysis re-
vealed statistically signiﬁcant main effect of the task difﬁculty
(F(1,34) = 41.23, p b .05, η2 = .29) and group (F(1,34) = 8.34,
p b .05, η2 = .12) (see Fig. 4). Descriptive data is shown in Table 1.
4.2. Pupil response
We analyzed the pupil size variation in percentage assuming
the baseline pupil size to be 100% after removing noise based on the
method applied by Jang et al (2012) in three stages. Table 2 shows the
average absolute baseline pupil data and compensation intensity data
of all 23 participants in [mm] unit and in percentage after compensating
intensity over 5 blocks.
4.2.1. Linguistic task
HIs showed larger pupil diameter change as compared to LIs in
tough tasks in during-stimulus stage (HIs = 36.10%, LIs = 28.49%).
The difference in post-stimulus was not signiﬁcant. A 2 (group: HIs
vs. LIs) × 2 (difﬁculty: tough, easy) repeated measures ANOVA was
performed. There was a signiﬁcant main effect of group (F(1,46) =
8.69, p b .01, η2 = .24). There was a moderate effect of stimuli
difﬁculty (F(1,46) = 4.75, p b .05, η2 = .17) in during-stimulus
stage. In pre-stimulus stage we found signiﬁcant main effect of
group (F(1,46) = 10.25, p b .01, η2 = .32). However, in easy task,
LIs had greater pupil dilation in during-stimulus stage (see Table 3).
4.2.2. Mathematical task
HIs showed no signiﬁcant change in pupil size during-stimulus stage
in both tough (HIs = 7.59, LIs = 14.30) and easy (HIs = 6.33, LIs =
11.25) tasks. But in pre-stimulus stageHIs showed greater pupil dilation
(HIs = 15.48%, LIs = 5.57%). One-way ANOVA revealed the signiﬁcant
main effect of group (F(1,46) = 14.58, p b .001, η2 = .54) and of task
difﬁculty (F(1,46) = 4.70, p b .05, η2 = .17) in during-stimulus stage.
Difference in post-stimulus was also not signiﬁcant (see Table 3).
4.2.3. Visuo-spatial task
HIs showed larger pupil diameter change as compared to LIs in
pre-stimulus (HIs = 18.41%, LIs = 2.76%) stage and during-stimulus
stage (HIs = 39.71%, LIs = 22.60%) in tough tasks. A similar 2 × 2
repeated measures of ANOVA showed a signiﬁcant main effect of
group in pre-stimulus stage (F(1,46) = 7.44, p b .01, η2 = .12) and in
during-stimulus stage (F(1,46) = 9.35, p b .01, η2= .24) and a moder-
ate effect of stimuli difﬁculty in during-stimulus stage (F(1,46) = 6.15,
p b .05, η2 = .22) (see Table 3).Fig. 4. Response time for linguistic, mathematical and visuo-spatial tasks.4.3. Eye blink response
4.3.1. Linguistic task
HIs showed increased eye-blink rate in pre-stimulus stage
(HIs = 0.59, LIs = 0.52). They also showed an increase in post-stimulus
stage (HIs = 0.87, LIs = 0.32) as compared to LIs in tough task. A 2
(group: HIs vs. LIs) × 2 (difﬁculty: tough, easy) repeated measures
ANOVA was performed and a signiﬁcant main effect of group
(F(1,46) = 8.22, p b .01, η2 = .18) in pre-stimulus and main effect
of group in post-stimulus (F(1,46) = 6.75, p b .05, η2 = .32) was
found. HIs also showed a decrease in blink rate in during-stimulus
stage in tough task and a signiﬁcant main effect of group was found
(F(1,46)= 11.95, p b .01, η2= .36). There was no signiﬁcant difference
in easy tasks (see Table 4).
4.3.2. Mathematical task
Wedid notﬁnd any signiﬁcant difference betweenHIs and LIs in any
conditions except that HIs had increased blink rate in post-stimulus
stage (HIs = 0.71, LIs = 0.51). ANOVA showed a signiﬁcant effect of
group (F(1,46) = 6.35, p b .05, η2 = .20) (see Table 4).
4.3.3. Visuo-spatial task
HIs showed increased eye blink rate in post-stimulus stage
(HIs = 0.89, LIs = 0.41) as compared to LIs in tough task. A 2 (group:
HIs vs. LIs) × 2 (difﬁculty: tough, easy) repeated measures ANOVA
was performed and a signiﬁcant main effect of group (F(1,46) = 4.69,
p b .05, η2 = .22) in pre-stimulus and main effect of group in post-
stimulus stage (F(1,46) = 7.35, p b .01, η2 = .52) was found. There
were no signiﬁcant differences in other conditions (see Table 4).
Table 5 shows that signiﬁcant correlations between pupil dilation and
eye blink. Notice that there is a positive correlation in during-stimulus
stage and a negative correlation in pre-stimulus stage for HIs in
language and visuo-spatial tasks.
5. Discussion
The goal of our study was two-fold. First, we intended to investigate
how individuals with high-intelligence allocate resources while solving
linguistic, mathematical and visuo-spatial tasks with two levels of
difﬁculties (tough and easy) as compared to individuals with low-
intelligence. We assumed that individuals with high-intelligence
would either conﬁrm the resource hypothesis or neural efﬁciency
hypothesis. We alternatively hypothesized that individuals with
high-intelligence might show variation in their resource allocation
strategy andmodulate it according to task demand. Second, we wanted
to explore if eye-blink and pupil dilation correlate in relation to process-
ing of different tasks and if pupil dilation along with blink-rate can be
used as a reliable parameter to distinguish between high-intelligent
Table 2
Average absolute baseline pupil size (in [mm] unit and in percentage) over 5 blocks.
Block 1 Block 2 Block 3 Block 4 Block 5
Raw data (mm) 5.31 ± 0.38 5.27 ± 0.41 5.21 ± 0.40 5.24 ± 0.42 5.29 ± 0.39
Compensation intensity (%) 119.56 ± 8.67 118.56 ± 9.24 117.35 ± 8.97 118.11 ± 9.42 119.24 ± 8.77
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analysis of variation in pupil size and eye blink in ‘pre’, ‘during’ and
‘post’ stimulus stageswould help in determining the resource allocation
and preparation patterns of high and low intelligent individuals better.
Overall, the study yielded the following results:
• High intelligent individuals responded faster with lesser error rate as
compared to low intelligent individuals in all tasks.
• High intelligent individuals showed signiﬁcant increase in pupil
size and decrease in eye blink (negative correlation) while solving
tough linguistic and visuo-spatial tasks but not mathematical tasks
in ‘during-stimulus’ stage.
• High intelligent individuals showed greater pupil dilation and
increased eye blink (positive correlation) in all conditions irrespective
of task demand.
As expected, our ﬁndings support both resource and neural efﬁciency
hypotheses. HIs showed greater task evoked pupil dilation, less
response time and less error rates as compared to LIs while solving
difﬁcult linguistic and visuo-spatial tasks (during-stimulus stage). This
result supports resource hypothesis and is consistent with previous
ﬁndings of pupillometry (Van Der Meer et al., 2010) and neuro-
imaging studies (Duncan, 2003; Lee et al., 2006). However, the same
intelligent individuals showed lesser task evoked pupil dilation, less
response time and less error rates in tough (as well as easy) mathemat-
ical tasks. This result, on the contrary, supports the neural efﬁciency
hypothesis. It is also consistent with studies of Ahern and Beatty
(1979), who reported smaller pupil response in high intelligent
(crystallized) individuals.
Findings of our study makes a crucial point that individuals with
high intelligence do not follow a strict strategy; instead they alter and
modulate their strategy according to the task demand whereas low
intelligent individuals do not seem to do so. This ﬁnding further
conﬁrms our alternative hypothesis whereby we assumed that HIs
allocate more resources when the task demand is high and allocate
fewer resources when the task demand is not high. Overall the study
points to two important observations: ﬁrst, type and difﬁculty of the
task signiﬁcantly inﬂuences the resource allocation by high-intelligent
individuals. Second, high-intelligent individuals are somehow able to
assess the task demand and act accordingly. We discuss both these
points in the next paragraphs.Table 3
Pupil size variation (%).
Task Stage HIsa LIsb
Tough task Easy task Tough task Easy task
Linguistic Pre-stimulus 19.06⁎ 11.30⁎
During-stimulus 36.10⁎ 2.18⁎ 28.49⁎ 15.03⁎
Post-stimulus 11.20 5.89 −1.72 9.82
Mathematics Pre-stimulus 15.48⁎ 5.57⁎
During-stimulus 7.59⁎ 6.33⁎ 14.30⁎ 11.25⁎
Post-stimulus 12.14 14.68 14.01 −8.76
Visuo-spatial Pre-stimulus 18.41⁎ 2.76⁎
During-stimulus 39.71⁎⁎ 7.53⁎ 22.60⁎⁎ 10.24⁎
Post-stimulus 9.82 17.71 8.03 −1.05
a HIs = High Intelligent Individuals.
b LIs = Low Intelligent Individuals.
⁎ p b .05.
⁎⁎ p b .01.5.1. Effect of type and difﬁculty of task on resource allocation
Our results clearly show that the resource allocation strategy of
high-intelligent individuals is inﬂuenced by the type and difﬁculty of
the task. High intelligent individuals allocated more resources for
tough linguistic and visuo-spatial tasks. It must be mentioned that
complex linguistic and visuo-spatial tasks presented novel problems
and required participants to make creative associations. Some of the
linguistic tasks included analogical reasoning and could not be solved
with learnt information (Reiterer et al., 2005; Vitouch et al., 1997).
Similarly, visuo-spatial tasks, included geometrical analogy tasks,
which required application of ﬂuid intelligence (Halford, 1992;
Hofstadter, 2008; Holyoak, 1996; Van Der Meer et al., 2010). High
intelligent participants showed greater task evoked pupil and de-
creased eye-blink rate while solving them in less time and with
less error rates. This shows that they allocated extra resources than
low intelligent individuals. However, same participants did not
show task evoked pupil dilation and change in eye blink in easy
tasks conﬁrming the assumption of resource hypothesis. It can be
assumed that easy tasks did not present any challenge (conﬁrmed
by the fact that they were chosen as easy tasks by participants
themselves) and could be solved by applying already learnt skills in
more or less semi-automated way. On the other hand, low intelligent
individuals showed uniform pupil dilation irrespective of task
complexity. This clearly shows that the difﬁculty of the task had a
signiﬁcant effect only on resource allocation strategy of high-
intelligent individuals but not on low intelligent individuals in
during-stimulus stage.
More importantly, our study also shows that alongwith complexity,
the type of tasks too has a signiﬁcant effect on the resource allocation
mechanism of high-intelligent individuals. In the case of mathematical
tasks, we found that both high and low intelligent individuals had no
signiﬁcant change in pupil size. However, the response time and error
rate was less for high intelligent individuals. While this ﬁnding favors
efﬁciency hypothesis, it also indicates that the same high-intelligent
participants who allocated extra resources in difﬁcult linguistic and
visuo-spatial tasks allocated fewer resources for both tough and easy
mathematical tasks. It is interesting to note that the mathematical
tasks included mental calculations. These tasks are highly overlearned
by students and can be solved by following a set of learnt algorithms
(Ahern and Beatty, 1979). So it is quite possible that these problems,Table 4
Eye blink rate (per second).
Task Stage HIsa LIsb
Tough task Easy task Tough task Easy task
Linguistic Pre-stimulus 0.59⁎ 0.52⁎
During-stimulus 0.34⁎ 0.57 0.52⁎ 0.32
Post-stimulus 0.87⁎ 0.65 0.32⁎ 0.50
Mathematics Pre-stimulus 0.55⁎ 0.73⁎
During-stimulus 0.22 0.31 0.46 0.44
Post-stimulus 0.71⁎ 0.69 0.51⁎ 0.72
Visuo-spatial Pre-stimulus 0.62⁎ 0.54⁎
During-stimulus 0.43 0.22 0.42 0.52
Post-stimulus 0.89⁎ 0.75 0.41⁎ 0.35⁎⁎
a HIs = High Intelligent Individuals.
b LIs = Low Intelligent Individuals.
⁎ p b .05.
⁎⁎ p b .01.
Table 5
Signiﬁcant correlations between pupil dilation and eye blink.
Stage Group Difﬁculty Task Pearson r
Pre-stimulus High – Language 0.35⁎⁎
Pre-stimulus High – Visuo-spatial 0.20⁎⁎
Pre-stimulus High – Mathematics 0.01⁎
During-stimulus High Tough Visuo-spatial −0.27⁎⁎
During-stimulus High Tough Language −0.05⁎⁎
During-stimulus Low Tough Language −0.13⁎
Post-stimulus High Tough Language 0.03⁎
Post-stimulus High Tough Mathematics 0.02⁎
⁎ p b .05.
⁎⁎ p b .01.
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did not present any challenge. So in this case, it is clear that the nature
of the task did not require allocation of extra resources and as a result
high intelligent individuals allocated fewer resources whereas low
intelligent individuals allocated comparatively more resources.
Moreover, it also shows that the type of the task has a signiﬁcant effect
on the resource allocation mechanism of high intelligent individuals.
One of the novel aspects of our study is that we tested same participants
on different kinds of tasks as we have already mentioned that no
previous study was conducted to assess the effect of task type and
difﬁculty on resource allocation patterns of individuals.
Hence, regarding our ﬁrst question: how individuals with high and
low intelligence allocate resources in different types of tasks; our
study suggests that high intelligent individuals sometimes allocate
extra resources and sometimes allocate fewer resources. They may not
follow a strict pattern and are able tomodulate their resource allocation
strategy depending on the type and the difﬁculty of the task.
5.2. Preparedness and attentiveness of high intelligent individuals
It is obvious that modulation of resource allocation requires some
level of pre-meditation as well as an ability to assess the type and
difﬁculty of the task before actually solving it. So, as our results show,
if high-intelligent individuals modulate their resource allocation then
they must show some pattern of preparedness before the actual
stimulus processing. Anticipating a better assessment of preparedness
and allocation mechanism, we divided the whole processing duration
into three stages. It must be noted that in general, variation in pupil
size is measured only during the processing period that is between
stimulus onset and response. A small window, duration of which
might vary, just before the stimulus onset is usually considered to
contain expectation/instructional effect. This window, usually between
two consecutive stimuli is the gap to normalize the task-evoked
changes in the dependent variable. So either the data during this period
is analyzed as rest period or not analyzed at all. Several studies record a
separate pre-trial pupil baseline and use it as a reference to the change
in pupil dilation or eye blink rate. However, in our study, we divided the
whole processing into three stages. The signiﬁcance of dividing the
processing is the assumption that an analysis of pupil dilation and eye
blink in pre-stimulus stage (5 s before the stimulus onset) would indi-
cate the difference in preparation and attention (Sirevaag et al., 1999)
between high and low intelligent individuals, while an analysis of eye
blink in post-stimulus stage (5 s after the response) would indicate
the end of processing (Ohira et al., 1998). Similarly, pupil dilation and
eye blink would indicate the sustained processing (Granholm et al.,
1996; Siegle et al., 2008). Our previous study has shown that adaptation
time for pupil dilation takes about 3.72 s after any cognitive task (Jang
et al., 2012, 2014). Therefore, in 5 s, this time was also included.
A positive correlation of eye-blink and pupil dilation in
high-intelligent individuals during pre-stimulus stage indicates
their constant attention and preparedness as compared to low-
intelligent individuals. When the task could be solved in a routinemanner, cognitive resources were preserved but as and when the
task presented a novel and challenging situation, more resources
were allocated. Our results also show that the expectation period
(which may differ for individuals) allows the assessment of the
task demand. High intelligent individuals assess them and plan the
resource allocation. But the low intelligent individuals fail to do so.
This is evident by the fact that we did not ﬁnd increased signiﬁcant cor-
relation between eye-blink rate and pupil dilation for low-intelligent
individuals in any condition.
Varying correlation between eye-blink and pupil dilation in during
and post-stimulus stage represented the modulation of resource alloca-
tion and conﬁrms to previous studies. When the task demandwas high,
we found increase in pupil dilation but decrease in eye-blink and when
the task demand was not high, no signiﬁcant correlation was found
(Siegle et al., 2008). Interestingly, we also found blink bursts for high
intelligent individuals, which represent the release of resources (Ohira
et al., 1998). However, these bursts were observed only in tough tasks.
For easy tasks, we did not ﬁnd any signiﬁcant correlation between
eye-blink and pupil dilation. This indicates that an analysis of eye
blink and pupil dilation in post-stimulus is more sensitive and useful
to assess the high demanding tasks.
So, regarding our second question: how canwe distinguish between
high and low intelligent individuals by analyzing pupil and blink data;
our results indicate that an assessment of eye-blink and pupil dilation
in the pre-stimulus stage can be key to distinguish between high
and low intelligent individuals. Preparedness and attentiveness before
the task can indicate the potential of an individual irrespective of
task type and difﬁculty. Moreover, in general, intelligence of an individ-
ual can also be determined by analyzing pupil and eye blink data
along with other behavioral parameters such as response time and
error rate in the during stimulus stage, if the task type and difﬁculty
are known.6. Conclusion
Overall our study shows that individuals with high intelligence
are more attentive and have the ability to modulate the resource
allocation by assessing the task type and difﬁculty. Whereas, individ-
uals with low intelligence fail to do this. Therefore, we argue that it is
not only the availability of resource or the efﬁcient allocation of
resources alone which deﬁnes an intelligent individual rather it is
the ability to assess the task demand and modulate the resource
allocation strategy, which should also be considered to determine
the intelligence of an individual. Our results also show that an
analysis of pupil dilation and eye blink rate together can contribute
to the overall understanding of the cognitive processing mechanism
of intelligent individuals. While the change in pupil dilation and eye
blink during-processing stage can indicate the intelligence of an
individual in a given task, the change in pupil dilation during
expectation period can be a key in distinguishing between high and
low intelligent individuals in general.
Our ﬁndings can be signiﬁcantly applied in determining the
intelligence level of an individual. Especially in theMultiple Intelligence
theory, which was proposed by Howard Gardner in his book frames
of mind (Gardner, 1985). According to this theory, individuals
possess skills in at least one of the eight aspects of intelligences.
Hence, according to our ﬁndings, the potential of an individual in
intelligence can be recognized using bio-signals. Although the
ﬁndings of the present study is limited to only three kinds of
intelligences, it can be extended to others such as musical intelligence
and natural intelligence.
Moreover, as an application, we assume that our ﬁndings will help
us in developing an online assessment system or an online tutoring
system, which can help learners by designing and modulating
instruction material according to their interest and potential.
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